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NEUROMORPHIC SYSTEM EXPLOITING
THE INTRINSIC CHARACTERISTICS OF
MEMORY CELLS

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims priority to foreign French patent
application No. FR 1259050, filed on Sep. 26, 2012.

FIELD OF THE INVENTION

The invention relates to a neuromorphic system exploiting
the intrinsic characteristics of memory cells. Itis applicable to
the field of artificial neural networks. Schematically, these
networks are inspired by biological neural networks the func-
tion of which they imitate.

BACKGROUND

Artificial neuronal networks are essentially composed of
neurons interconnected to one another by synapses. The syn-
apses are conventionally formed from digital memories or
resistive components the conductance of which varies
depending on the voltage or current applied to their terminals.

A learning rule conventionally used in pulsed neural net-
works is the spike-timing dependent plasticity (STDP) rule.
This is a biologically inspired rule the objective of which is to
reproduce the learning function performed by biological neu-
rons and synapses. For such a rule to be implemented, the
conductance of the synapses must vary depending on the
relative arrival times of “pre-” and “post-" synaptic pulses
transmitted by the neurons connected to the input and output
of'the synapse, respectively. With the STDP rule, the conduc-
tance of a synapse is increased if its post-synaptic neuron is
activated after its pre-synaptic neuron, and decreased in the
opposite case. Furthermore, the conductance variation also
depends on the exact delay time between pulses generated
following activation of the neurons. Typically, the larger the
delay time, the smaller the variation in conductance will be.

To implement an STDP rule or any other unsupervised
learning method, it is necessary for the conductance of the
memristive components that form the artificial synapses of
the network to be able to vary gradually, both upwards and
downwards, depending on the voltage or the current applied
to their terminals. Furthermore, it is desirable if this can occur
without prior knowledge of the conductance state of the syn-
apse.

Cells using conductive bridging random access memory
(CBRAM) technology are for example employed to form the
synapses of the neuronal network. These cells are convention-
ally grouped in a memory matrix.

A CBRAM cell possesses an electrode made of an electro-
chemically active metal such as silver (Ag) or copper (Cu).
High-mobility Ag* cations drift in a conductive layer, for
example made of germanium sulphide (GeS,), and are
rejected at an anode, for example one made of tungsten (W).
This leads to the growth of Ag dendrites, i.e. to the formation
of a high-conductivity filament. Once this filament has
formed, the CBRAM circuit is in what is called the ON state.
The resistance of the circuit is then very low. Therefore, its
conductance G=1/R is very high.

When a voltage of inverse polarity is applied to the termi-
nals of the CBRAM cell, the conductive bridge is dissolved
electrochemically and the circuit is then in the OFF position.
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System reset is then spoken of. In the OFF position, the
resistance of the circuit is then high. Therefore, its conduc-
tance G=1/R is low.

Using CBRAM cells in neuromorphic systems has a num-
ber of advantages. Specifically, the manufacture of the system
is made easier, and the system is CMOS compatible. The
choice of'this type of cells is very advantageous for the design
of biologically inspired low-power systems.

In the prior art, multi-level programming of CBRAM cells
has been proposed in order to imitate the plasticity of biologi-
cal synapses. However, this approach implies that each neu-
ron must generate pulses the amplitude of which increases
while still preserving a history of the prior state of the syn-
aptic cells, thereby leading to additional complexity in the
neuromorphic system.

SUMMARY OF THE INVENTION

One aim of the invention is notably to alleviate the afore-
mentioned drawbacks.

For this purpose, one subject of the invention is a neuro-
morphic system comprising a set of at least one input neuron,
a set of at least one output neuron and a synaptic network
formed from a set of at least one variable-resistance memris-
tive component. Said synaptic network connects at least one
input neuron to at least one output neuron, the resistance of
the at least one memristive component being adjusted by
delivering to the synaptic network write pulses generated by
the at least one input neuron, and return pulses generated by
the at least one output neuron. The characteristics of the write
and return pulses are deduced from the intrinsic characteris-
tics of the at least one memristive component, preferably from
the intrinsic switching probability of said component, so that
the combination of a write pulse and a return pulse in the at
least one memristive component results in a modification of
its resistance according to a learning rule chosen beforehand.

According to one aspect of the invention, the learning rule
is a biologically inspired rule of the STDP type.

The write pulses are for example LTD and LTP pulses.

In one embodiment, the system uses a learning rule that has
been optimized with an evolutionary algorithm.

The learning rule for example defines a switching prob-
ability of the memory cells from a first state to a second state,
switching being considered to have taken place when the ratio
between the resistance value of the cell in the first state and the
resistance value of the cell in a second state is greater than a
preset value.

According to another aspect of the invention, the charac-
teristics of the write and return pulses are defined by choosing
a combination of the following parameters:

pulse width;

rise and fall time of the pulse; and

amplitude of the pulse.

In one embodiment, a second sub-set of memory cells is
configured using a random number generator allowing the
emission of write pulses by the at least one output neuron to
be blocked or authorized in accordance with a preset learning
rule.

The memristive components are for example CBRAM
cells.

Alternatively, the memristive components may be pro-
duced in PMC, PCM, OXRAM, MRAM or STTRAM tech-
nology.

Another subject of the invention is a method for defining
write pulses and return pulses able to adjust the resistances of
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memristive components used in the neuromorphic system
according to the invention, said method comprising the fol-
lowing steps:
determining the switching probability of the memristive
components from a first state to a second state depending
on the parameters of the pulses applied to it;
selecting a set of characteristic parameters for a pulse
allowing a switching probability associated with a preset
STDP learning rule to be obtained; and
defining a read pulse and a write pulse the combination of
which allows a pulse respecting the parameter set iden-
tified in the preceding step to be obtained.
Another subject of the invention is a computer program
stored on a computer-readable medium, comprising instruc-
tions for executing the attributing method described above.

BRIEF DESCRIPTION OF THE DRAWINGS

Other features and advantages of the invention will become
apparent from the following description given merely by way
of nonlimiting illustration, and with regard to the appended
drawings, in which:

FIG. 1 shows a functional diagram of an artificial neural
network according to the prior art;

FIG. 2 shows an example of a neuromorphic system able to
implement the invention;

FIG. 3 illustrates the operation of a neuromorphic system
operating in read mode;

FIG. 4 gives an example STDP rule;

FIG. 5 illustrates the operation of a neuromorphic system
in write mode;

FIG. 6 illustrates the principle of combination of LTP or
LTD pulses with a return pulse;

FIG. 7 illustrates the way in which a random number gen-
erator may be used to implement a learning rule in a neuro-
morphic system;

FIG. 8a gives an example of the variation in switching
probability Preset obtained by modifying the voltage applied
to a CBRAM memory;

FIG. 8b gives an example of the variation in switching
probability Pset obtained by modifying the voltage applied to
a CBRAM memory; and

FIG. 9 gives an example of programming pulses allowing a
target intrinsic probability to be obtained when CBRAM cells
based on GeS, and Ag are used.

DETAILED DESCRIPTION

FIG. 1 shows a functional diagram of an artificial neuronal
network according to the prior art.

A plurality of input neurons 101, 102, 103, 104 are con-
nected to a plurality of output neurons 110, 120 by way of a
plurality of artificial synapses 111, 112, 113, 114, 121, 122,
123, 124. An artificial synapse may be formed by means of a
memristive component the conductance G of which varies
depending on the current or the voltage applied to its termi-
nals. A synapse 111 has one of its two terminals connected to
an input neuron 101, and the other terminal connected to an
output neuron 110. An artificial neuron is an active compo-
nent that may simultaneously or separately have the functions
of input neuron and/or output neuron. An artificial neuron is
called an input neuron when it is connected downstream of a
synapse and an output neuron when it is connected upstream
of'a synapse. The artificial neurons may be active or inactive.
In FIG. 1, by way of example, the input neurons 101, 102 are
considered to be active and the input neurons 103, 104, inac-
tive. Likewise, the output neuron 110 is active whereas the
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output neuron 120 is inactive. A neuron is active when, at a
given moment, it emits a pulse. The length of'its “active” state
may be preset.

FIG. 2 shows an example of a neuromorphic system able to
implement the invention.

Such a system may be implemented in a single dedicated
circuit, in a programmable circuit or using a combination of
both. Thus, certain portions may be implemented by a soft-
ware program and others using dedicated architectures.

This system is composed of four main blocks. A first block
200 employs a non-volatile memory matrix or a “crossbar”
memory.

In this description, CBRAM technology is taken by way of
example, but the invention is also applicable to other types of
resistive memories implementing nanoscale technology, such
as programmable metallization cell (PMC), phase change
memory (PCM) or oxide based memory (OXRAM) technolo-
gies. It may furthermore be applied to magnetic memories
such as magnetoresistive random access memory (MRAM)
or spin-transfer torque random access memory (STT-RAM).

In this description, the expressions “memristive compo-
nent”, “variable-resistance memory cell”, and “memory cell”
are equivalent and denote any non-volatile component the
resistance of which may be programmed.

A block 201 comprising input neurons is used to generate
input signals that will be injected into the memory block 200.
Various types of neuron models may be used. By way of
example, leaky integrate-and-fire (LIF) neurons may be used.

The input neurons may be stimulated by a block 202 gen-
erating stimulation signals conventionally denoted by the
term “spikes”. This block for example emulates the internal
ear, and in particular the cochlea. Other applications may also
be considered. Another example is the use an artificial retina
as a stimulation block 202. More generally, the block 202 may
be a source of any type of asynchronous or synchronous
digital or analogue data used as input in order to carry out
shape recognition, classification of patterns, or signal pro-
cessing. This model may be based on a biological model.

A block 206 comprising output neurons is used to generate
the output signals 204 of the neuromorphic system. These
neurons generate, in certain cases, signals 205, 208 allowing
the memory matrix comprising the synapses to be taught.

A random number generator 207 may be used with the aim
of'implementing, in a portion of the memory circuit, any type
of probabilistic or stochastic learning rule, such as for
example an STDP rule.

FIGS. 3 to 7 give an example of implementation of an
STDP learning rule in a neuromorphic system comprising a
memory matrix composed of eight CBRAM cells.

FIG. 3 illustrates the operation of a neuromorphic system
operating in read mode. The read mode is a mode in which the
weight of the synapses cannot be modified, in contrast to the
write mode.

The example shown comprises four input neurons 300 and
two output neurons 301. The synapses are formed using a
matrix comprising eight CBRAM cells.

When an input neuron detects an event, based on input
data, it generates, in read mode, a low-voltage pulse VRD that
propagates to all the output neurons by way of the synapses
connecting them together.

In this example, input signals are present on the neurons
303 and 304, which are active. For this reason they are drawn
with solid lines. Therefore, each of these neurons 303, 304
generates a voltage signal VRD. These read pulses propagate
through the matrix 302 in order to reach the two output
neurons 305, 306.
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A read voltage pulse VRD induces, in the synapses, a
current that is inversely proportional to their resistance. For
example, when the neurons 303, 304 generate a voltage pulse
VRD, the current flowing through all the synaptic lines is
added or integrated by the output neurons 305, 306. When the
sum of the total current inside a LIF output neuron reaches a
certain threshold, it triggers and generates an electric pulse. In
this case, the output neuron is active, and drawn with solid
lines. The write mode is activated when an output neuron
triggers.

The weight of the synapses cannot be modified in read
mode because the pulse VRD is defined such that it does not
disturb the state of the cell. It is just sufficient to read the
resistance of the synaptic device. The weight of the synapse
may be modified or programmed only in write mode.

FIG. 4 gives an example STDP rule. The switching prob-
ability to a final state is shown on the y-axis.

The x-axis shows the time difference AT, expressed in
milliseconds, between a post-synaptic pulse emitted at the
time t,,., and a pre-synaptic pulse emitted at the time t,,,., in
a given CBRAM synapse.

When an input neuron is activated, it enters into what is
called an LTP mode. The input neuron remains in this LTP
mode for a length of time defined by the length of the LTP
window associated with the STDP rule to be implemented.
By way of example, an activated neuron may remain in the
LTP mode for x milliseconds.

The learning rule may be finely defined with regard to the
intended application of the neuromorphic system. The prob-
ability associated with the LTP and LTD windows may be
refined depending on the desired precision, for example in the
context of shape recognition applications.

Using evolutionary algorithms such as genetic algorithms,
optimized values of the LTP and LTD probabilities may be
determined. The evolutionary algorithm may be executed on
any general-purpose neural network simulator. By way of
example, operation of the simulator Xnet is described in the
article by O. Bichler et al. entitled Extraction of temporally
correlated features from dynamic vision sensors with spike-
timing-dependent plasticity, 2012 Special Issue, Elsevier,
Neural Networks 32 (2012) 339-348.

FIG. 5 illustrates the operation of a neuromorphic system
in write mode.

The circuit shown is, by way of example, identical to that
shown in FIG. 3. It comprises four input neurons 503, 504,
507, 508 and two output neurons 505, 506. The synapses are
formed using a matrix 502 comprising eight CBRAM cells.

In order to describe operation of the neuromorphic system
in write mode, it is assumed that, at the end of the read mode,
the two output neurons 505, 506 achieved the triggering
threshold and that they therefore generated two output signals
(not shown).

When an output neuron triggers, in addition to emitting an
output signal, it performs two tasks.

The first task corresponds to the emission of a control
signal 510, 511. These signals are combined 512 in order to
generate a single control signal 513 intended to be delivered
to the input neurons in order to indicate that a write operation
must be carried out. For example, a unified control signal 513
is generated if at least one control signal is delivered to the
input of a combining module 512.

The second task consists in emitting a return pulse 514,515
that is sent back over the synaptic lines connecting the output
neuron to the input neurons.

Once the output neuron has triggered and the input neurons
have received the control signal 513 indicating the passage to
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write mode, there are a number of ways to update synaptic
weights according to the STDP learning rule.

Ifthe input neuron has been activated beforehand and is in
LTP mode when the neuron is triggered, it generates an LTP-
type write pulse 530, 531 that will lead to a decrease in the
resistance of the synapses after combination with the return
pulse.

Otherwise, if the input neuron has not been activated
beforehand or if the write control signal 513 was received
when the input neuron is no longer in LTP mode, a write pulse
of LTD type 532, 533 must be generated. In this case, the
resistance of the synapses may increase after combination
with the return pulse.

FIG. 6 illustrates the principle of combination of LTP or
LTD pulses with the return pulse.

The shape of the LTP and L'TD pulses and the shape of the
return pulse depend on the type of technology used in the
memory matrix. In this example, the memory matrix is
formed, for example, using CBRAM cells. Thus, the shapes
of the LTP and L'TD pulses and of the return pulse must be
defined in accordance with the following principles. When
the return pulse 601 and the LTP pulse 600 interact in a
memory cell, the resulting pulse Sr_ltp is positive, having the
effect of decreasing the resistance.

Moreover, when the return pulse 601 and the ITD pulse
602 interact in a memory cell, the resulting pulse Sr_lItd is
negative, having the effect of increasing the resistance of the
cell.

The return pulse 601 is defined so that, if it reaches a
memory cell without interacting with an LTD or LTP pulse,
the resistance of said cell will not be modified.

In a stochastic system, using a pseudo-random number
generator 207, 320, 520 is one way to introduce the LTP and
LTD probabilities and thus implement the learning rule, an
STDP learning rule for example.

FIG. 7 illustrates the way in which a random number gen-
erator 720 may be used to implement a learning rule in a
neuromorphic system. This technique is notably described in
patent application US 2012/0011093.

FIG. 7 shows an example of a neuromorphic system com-
prising four input neurons 703, 704, 707, 708 and two output
neurons 705, 706. The synapses are formed using a matrix
702 comprising CBRAM cells.

In one embodiment, the outputs of the generator 720 are
connected to the input neurons so that the random numbers
generated can be multiplied by the output signals generated
by the input neurons 703, 704, 707, 708. The generator gen-
erates as output “zeroes” and “ones” with the LTP and LTD
probabilities defined by the STDP rule, an example of which
is given in FIG. 4.

According to the principles explained above, the input
neurons 703, 704 are in LTP mode and therefore have the
vocation of emitting an ITP-type pulse 730. Furthermore, no
signal is present on the input of the neurons 707, 708. The
latter are not in LTP mode and therefore have the vocation of
emitting an LTD-type pulse 731.

In the example given, at a time t, and so as to introduce the
LTD and LTP probabilities associated with the STDP learn-
ing rule chosen, the generator 720 generates and delivers a
“one” to the neurons 703 and 708 and a “zero” to the neurons
704 and 707. This has the effect of inhibiting the neurons 704
and 707, which will not emit any pulses. The generator 720 is
designed to prevent LTD or LTP pulses from being emitted as
many times as is necessary to configure the memory matrix in
accordance with the STDP learning rule.
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FIGS. 3 to 7 allowed the learning principle applied in a
neuromorphic system to be described with respect to a par-
ticular example using a random number generator.

The neuromorphic system according to the invention relies
on a novel approach in which the implementation of the
learning rule is based on adapting the characteristics of the
LTD, LTP and return pulses to the intrinsic characteristics of
the memory cells.

An example of an intrinsic characteristic is the intrinsic
switching probability, also called the stochasticity, of the
memory cells, a necessary characteristic of the nanoscale
resistive memory devices (a.k.a memristive components) that
can be employed in systems of the neuromorphic type.

Insimple terms, the switching probability P may be defined
using the following expression:

P=Nsuccess/Ntrials
in which:
Nsuccess is the number of successful switches; and
Nitrials is the total number of times it has been attempted to
switch a synapse.

Whether or not switching is considered to have taken place
depends on the electrical specifications of the memory cir-
cuits used, on account of factors such as power dissipation
and the complexity of the circuits.

By way of example, switching may be considered to have
taken place if the resistance ratio is greater than ten, said
resistance ratio being defined by the following expression:

in which:

R_off is the resistance of the CBRAM cell in its OFF state;
and

R_on is the resistance of the CBRAM cell in its ON state.

For memristive components, such as, for example,
CBRAM cells based on GeS, and Ag, it appears, surprisingly,
that the switching probability from a first conductance state to
a second conductance state may be controlled by changing
the programming conditions of the synapse. In the rest of the
description, the expression “programming conditions”
denotes a set of at least one characteristic parameter of the
LTD, LTP and/or return pulses.

In one embodiment of the invention, the switching prob-
ability may be adjusted by choosing with care an appropriate
combination of the following parameters:

pulse width;

the rise and fall time of the pulse; and

the amplitude of the pulse.

A separate parameter combination may be chosen for the
LTD pulses, on the one hand, and for the LTP pulses, on the
other hand.

FIG. 8a gives an example of the variation in switching
probability Preset from the ON state to the OFF state for a
CBRAM cell based on GeS, and Ag.

To change states, it is conventional to use a pulse the
amplitude of which corresponds to the line voltage, also
referred to as the “bit-line voltage”.

In this example, the resistance ratio 0 is greater than ten.
Two curves 800, 801 are shown. The y-axis corresponds to the
switching probability Preset from the ON state to the OFF
state. The x-axis corresponds to the line voltage Vg expressed
in volts.
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The first curve 800 corresponds to a pulse width equal to
five-hundred nanoseconds and the second curve 801 corre-
sponds to a pulse width equal to one microsecond. In this
example, the rise time and the fall time are chosen to be
identical for both curves. The first curve 800 indicates that
with a voltage applied to the terminals of the CBRAM cell
equal to two volts, a switching probability equal to 0.3 is
achieved. As for the second curve 801, it appears that for the
same voltage value, a switching probability equal to 0.7 is
achieved. This clearly shows that by choosing the parameters
of the pulses used, the switching probability of the resistive
element acting as a synapse may be finely adjusted. These
parameters may be defined using, for example, curves that are
obtained empirically.

FIG. 8b gives an example of the variation in switching
probability Pset from the OFF state to the ON state for a
CBRAM memory cell based on GeS, and Ag.

To change to the low state using this type of memory, it is
conventional to use a pulse the amplitude of which corre-
sponds to the anode voltage. The y-axis corresponds to the
switching probability from the OFF state to the ON state. The
x-axis corresponds to the line voltage expressed in volts. A
curve 803 is given by way of example and shows that with an
amplitude equal to two volts, a switching probability equal to
0.63 is achieved.

FIG. 9 gives an example of programming pulses allowing a
target switching probability to be obtained when CBRAM
cells based on GeS, and Ag are used.

In this example, passage from the ON state to the OFF state
of the CBRAM cells is targeted with a probability of 0.7,
corresponding to the selected learning rule. To do this, it is
necessary to generate an LTD pulse. On the basis of FIG. 8a,
the pulse resulting from the combination ofthe LTD pulse and
the return pulse must have an amplitude equal to two volts and
a width of one microsecond.

XV indicates that this portion of the pulse must be chosen
on the basis of criteria other than the intrinsic characteristics
of'the memory cell. The rise and fall time of each pulse may
for example be set equal to two-hundred nanoseconds.

In order to determine the programming conditions, a num-
ber of alternatives may be envisaged.

A first approach consists in using a predictive model of the
behaviour of the memristive components employed. This
model may be empirical, phenomenological, compact,
behavioural, or physical. Simulations may also be used. The
objective is to obtain a set of parameters in order to generate
pulses allowing a given switching probability to be achieved,
and this whatever the technology used to form the synapses.

In an alternative approach, the programming conditions of
the synaptic technology are determined at the “wafer level”,
i.e. before packaging of the neuromorphic system. This char-
acterization may be carried out automatically or manually, for
example using a probe. Parametric tests may also be used.

In a third approach, the programming conditions may be
determined by direct measurements carried out on the neuro-
morphic system. Advantageously, this method allows varia-
tions in the switching characteristics of a neuromorphic sys-
tem to be followed in real-time after packaging and
integration. These real-time data then allow the programming
conditions to be adapted to the system in order to obtain the
best results.

Once the programming conditions have been determined,
the neuromorphic system may then be programmed.

The programming conditions are memorized in the neuro-
morphic system in such a way that the input and output
neurons are able to emit pulses adapted to the intrinsic char-
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acteristics of the memory cells, in order to allow the learning
rule chosen for the neuromorphic system to be implemented.

The use of programming conditions adapted to the intrinsic
characteristics of the memory cells has the key advantage of
making it possible for the neuromorphic system to consume
less power. Furthermore, the architecture of the system is
simplified since it is only necessary to memorize pulses
adapted to implementing the learning rule.

In another embodiment, the neuromorphic system may be
programmed both using programming conditions adapted to
the intrinsic characteristics of the memory cells, but also
using, in combination, a random number generator as
explained above. Thus, if a plurality of memory matrices are
used in the system, some of these matrices may be configured
using the programming conditions adapted to the intrinsic
characteristics of the memory cells, and the rest of the matri-
ces may be configured using the random number generator.
This embodiment has the advantage of increasing the imple-
mentation flexibility of the system. Specifically, if certain
probability values are not obtainable using the programming
conditions adapted to the intrinsic characteristics of certain
memory cells, the technique based on the use of a random
number generator may advantageously be employed.

The invention claimed is:

1. A neuromorphic system comprising a set of at least one
input neuron, a set of at least one output neuron and a synaptic
network formed from a set of at least one variable-resistance
memristive component, said synaptic network connecting at
least one input neuron to at least one output neuron, the
resistance of the at least one memristive component being
adjusted by delivering to the synaptic network write pulses
generated by the at least one input neuron, and return pulses
generated by the at least one output neuron, the characteristics
of'the write and return pulses being deduced from the intrinsic
characteristics of the at least one memristive component,
preferably from the intrinsic switching probability of said
component, so that the combination of a write pulse and a
return pulse in the at least one memristive component results
in a modification of its resistance according to a learning rule
chosen beforehand.

2. The system according to claim 1, wherein the learning
rule is a biologically inspired rule of the STDP type.
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3. The system according to claim 1, wherein the write
pulses are LTD and LTP pulses.

4. The system according to claim 2, using a learning rule
that has been optimized with an evolutionary algorithm.

5. The system according to claim 1, wherein the learning
rule defines a switching probability of the memory cells from
a first state to a second state, switching being considered to
have taken place when the ratio between the resistance value
of'the cell in the first state and the resistance value of the cell
in a second state is greater than a preset value.

6. The system according to claim 1, wherein the character-
istics of the write and return pulses are defined by choosing a
combination of the following parameters:

pulse width;

rise and fall time of the pulse; and

amplitude of the pulse.

7. The system according to claim 1, wherein a second
sub-set of memory cells is configured using a random number
generator allowing the emission of write pulses by the at least
one input neuron to be blocked or authorized in accordance
with a preset learning rule.

8. The system according to claim 1, wherein the memris-
tive components are CBRAM cells.

9. The system according to claim 1, wherein the memris-
tive components are produced in PMC, PCM, OXRAM,
MRAM or STTRAM technology.

10. A method for defining write pulses and return pulses
able to adjust the resistances of memristive components used
in the neuromorphic system according to any one of the
preceding claims, said method comprising:

determining the switching probability of the memristive

components from a first state to a second state depending
on the parameters of the pulses applied to it;
selecting a set of characteristic parameters for a pulse
allowing a switching probability associated with a preset
STDP learning rule to be obtained; and

defining a read pulse and a write pulse the combination of
which allows a pulse respecting the parameter set iden-
tified in the preceding step to be obtained.

11. A computer program stored on a computer-readable
medium, comprising instructions for executing the attributing
method according to claim 10.
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